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h i g h l i g h t s
 A non-invasive and non-contact system for estimating resting heart rate (RHR) is developed using a pyroelectric infrared (PIR) sensor.
 This new system provides a low cost and an effective way to estimate the resting heart rate, which is an important biological marker.
 Data is collected using PIR sensors placed on a table 1 m from a subject sitting on a chair in regular daily clothing. Output of the PIR sensor is sampled
with a sampling rate of 10 Hz.
 The second-order derivative of the discrete-time PIR sensor is computed to extract the heart beat signal.
 A total of 30 subjects (5 females) are recruited. A total of 60 experiments were conducted, collecting over 10,000 heart beats.
 A medical grade PPG sensor is used for validation of the ambient sensor.
 Experimental results showed that 95% of the estimated heart rate values are within 4 beats per minute.
 Our results further show that the average values of the 60 RHR (30 subjects, two measurements per subject) measurements using the PPG and the PIR
sensors are 75.5 beats per minute and 74.7 beats per minute, respectively.a r t i c l e i n f o
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PIR sensora b s t r a c t
In this paper, we describe a non-invasive and non-contact system of estimating resting heart rate (RHR)
using a pyroelectric infrared (PIR) sensor. This infrared systemmonitors and records the chest motion of a
subject using the analog output signal of the PIR sensor. The analog output signal represents the compos-
ite motion due to inhale-exhale process with magnitude much larger than the minute vibrations of heart-
beat. Since the acceleration of the heart activity is much faster than breathing the second derivative of the
PIR sensor signal monitoring the chest of the subject is used to estimate the resting heart rate.
Experimental results indicate that this ambient sensor can measure resting heart rate with a chi-
square significance level of a = 0.05 compared to an industry standard PPG sensor. This new system pro-
vides a low cost and an effective way to estimate the resting heart rate, which is an important biological
marker.
 2017 Elsevier B.V. All rights reserved.1. Introduction
The heart has been considered the source of courage, emotion,
and wisdom for centuries [1]. Essentially, it appeared that the heart
could affect our awareness, perceptions and intelligence. Numer-
ous studies have since shown that heart coherence is an optimal
physiological state associated with increased cognitive function,
self-regulatory capacity, emotional stability and resilience [2].
Over the years, many studies have been conducted that utilized
various physiological measures such as electroencephalogram
(EEG) [3,4], skin conductance level or galvanic skin response(SCL/GSR) [5], electrocardiogram (ECG) [6], blood volume pressure
(BVP) [7] or combination of two or more physiological markers
[8,9] to monitor human well-being and state of mind. However,
it was the heart rate variability, or heart rhythms that stood out
as the most dynamic and reflective indicator of oneś emotional
state and healthy well-being [10,11].
Resting Heart Rate (RHR) is one of the most important biomark-
ers indicating the health condition of a subject [10,12]. RHR is the
number of heart beats per minute while the subject is at rest. Mea-
suring RHR gives real-time preview of how the heart muscles are
functioning. RHR, when considered in the context of other markers,
such as blood pressure and cholesterol, can help identify potential
health problems. Usually, lower the RHR, higher the level of phys-
ical fitness and vice versa. High RHR could be an indicator of ele-
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may result occasional giddiness and fatigue.
Accurate measurement and monitoring of physiological param-
eters play an important role in a broad range of applications in the
field of healthcare, psycho-physiological examinations and sports
training. Wearable methods for the measurement of physiological
parameters are dependent on the sensors to be attached to a sub-
ject, such as electrocardiogram (ECG) [13], pulse oximetry [14],
piezoelectric transducer [15], and so on. The issue with such
contact-based methods is that it may cause undesirable skin irrita-
tion, discomfort and soreness to the subject. Currently, laser dop-
pler [16], microwave doppler radar [17], ultra-wideband radar
[18], and frequency modulated continuous wave radar [19] sys-
tems are being investigated for contact-free measurements of
physiological parameters. However, these systems require expen-
sive hardware. Consequently, demand for low-cost and convenient
non-contact methods of measuring and monitoring physiological
signals has grown inquisitively.
In this paper, we describe a novel system capable of non-
contact measurement of RHR. The system estimates the RHR from
the chest motion of the subject using a pyroelectric infrared (PIR)
sensor [20]. PIR sensors are small, inexpensive, low power, rugged,
are easy to interface with, and are easy to use. One of their best fea-
tures is that they do not wear out. PIR sensors are mostly employed
as occupancy detectors [21]. They have been extensively used in
motion tracking systems. PIR sensors having digital output and
the modulated visibility of fresnel lenses can provide capabilities
for tracking humanmotion [22], and counting people crossing door
of a room or building. However, the analog output signal of PIR
sensors can provide beyond simple presence of a subject, including
the instantaneous motion of the body [23].
Our design detects the change in infrared thermal heat patterns
in front of a sensor to estimate the RHR. The sensor uses a couple of
pyroelectric elements that respond to temperature variations
within the viewing zone. Instantaneous differences in the output
of the two elements are detected as motion, especially the motion
of a heat-bearing object, such as a human. To the best of our
knowledge, this is the first paper that demonstrates the feasibility
of heart rate detection using a PIR sensor.
The paper introduces a new methodology for extracting RHR
from IR radiations off the human body. An algorithm is presented
that captures mathematical formulation of the problem, and is
experimentally shown to perform well in practice. The paper also
presents an empirical comparison with PPG sensor readings.
The rest of the paper is organized as follows: Section 2 discusses
the background of this method and related past work in this field.
Section 3 explains the methodology of this system and data collec-
tion procedure. Section 4 presents the experimental results of the
system. Finally, Section 5 offers concluding remarks.2. Background and related work
Over the last 20 years, heart rate monitors (HRMs) have become
a widely used aid for a variety of applications [11]. The develop-
ment of new HRMs has also evolved rapidly during the last two
decades. In addition to heart rate (HR) responses, research has
recently focused more on heart rate variability (HRV). Existing
approaches for extracting heart-related signals fall under two cat-
egories: wearable sensor technologies [24] and non-contact (ambi-
ent) techniques [25–36].
The traditional method for monitoring heart rate measured the
spikes of the potential generated by heart at each pressure pulse
i.e. electrocardiogram, or ECG [9]. Physiological measurements,
such as ECG signals, are robust because they are controlled by
involuntary activations of the autonomic nervous system (ANS).However, existing sensors that can extract these signals require
physical contact with subjects body, and causes interference with
the user experience. Various wearable technologies, for instance,
a portable ECG device, worn as a chest band holds the sensor cen-
tered over the heart, may transfer the readings wirelessly to the
host computer. Unfortunately, the chest band is uncomfortable
when worn for extended periods. It has a role to play in medical
and exercise settings, but it is not a viable option for continuous
use. In a similar fashion, wristband or a smart watch have short-
comings [24]. The devices operation can be compromised by:
movement of body, for instance, gesturing, exercises based on
arm motion that can alter the blood circulation at wrist; and the
displacement of wearable device across the skin surface. Despite
the higher reliability and good signal quality of fixed-on-body elec-
trodes, they are inconvenient and inadequate for long-term and
everyday measurements. The presence of cables (one for each of
the electrodes placed) can limit the patient mobility and comfort
to an extent, forcing him to maintain the position for all the mon-
itoring period of time.
Non-contact techniques, on the other hand, are non-intrusive
and more adequate for long-term monitoring. Despite some short-
comings, the non-intrusive nature makes them an attractive option
for daily monitoring. Several techniques based on laser doppler
[16], microwave doppler radar [17], ultra-wideband radar [18], fre-
quency modulated continuous wave radar [19] and thermal imag-
ing are investigated. The advantage of these approaches is that
they do not require users to wear any sensors on their bodies.
However, as they rely on outwardly expressed states, they tend
to get interfered with external factors that are, however, easily
controlled or suppressed. In contrast, our system can capture phys-
iological signals without requiring the user to wear any sensors by
relying purely on wireless signals reflected off her/his body. Our
work is closest to prior work that uses RF signals [37] to extract
subject’s breathing rate and RHR.
Our wireless vital sign monitor measures heart rate by applying
signal processing technique to collected cardiorespiratory data.
When measuring the vital signs with a non-contact monitor, avail-
able monitors detect both respiration and heartbeat. The larger
magnitude of respiration signal typically overshadows the smaller
heartbeat. This system uses a computing algorithm to determine
the heart rate from the chest movements recorded using PIR
Sensor.3. Methodology
3.1. PIR sensors
PIR sensors are widely used for sensing motion of subjects.
Infrared radiation exists in the electromagnetic spectrum at a
wavelength that is longer than visible light [21]. Objects that gen-
erate heat also generate infrared radiation and those objects
include animals and the human body. PIR sensors are made of
pyroelectric sensors that can detect the levels of infrared radiations
and thus are used commercially used for automation of electrical
appliances and home surveillance systems.
The basic functionality of differential PIR sensor is to measure
the difference in infrared radiation density of two pyro-electric ele-
ments within the sensor. Normal variations in the temperature
caused by the air are nullified by the two elements connected in
parallel. If the elements measure same amount of infrared radia-
tions, the sensor produces zero output. Most of the commercially
available PIR motion sensor circuits produce digital output.
Nonetheless, analog signal output can also be obtained from PIR
sensors. We exploit the analog signal obtained from the PIR sensor
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rate using zero crossing.
3.2. Data acquisition
The data is collected using PIR sensors as shown in Fig. 1. The
analog output of the PIR sensor is sampled with a sampling rate
of 10 Hz, using a microcontroller and the resulting signal is fed
to a personal computer.
The second-order derivative of the discrete-time PIR sensor is
computed to extract the heart beat signal. Zero crossing algorithm
is then applied to the resultant output to estimate the resting heart
rate.
The PIR sensor detects the chest motion, caused by the inhale-
exhale process and the resting heart rate, to provide an analog sig-
nal. The chest motion is a resultant of two physiological processes:
respiration and heartbeat vibrations [37]. The respiratory activity
is, however, much larger in magnitude in comparison to the heart-
beat vibrations. On the other hand the acceleration of the breathing
activity is much lower than the acceleration of the heartbeat
vibrations.
The output signal obtained from the PIR sensor is essentially
due to the motion of the chest motion. Computing the second-
order derivative of the signal with respect to time provides us a
result related with the acceleration of the chest. As a result the sec-
ond order derivative signal must be mainly due to the heartbeat
activity.
The impulse response of the most widely used first-derivative
filter is
h½n ¼ ½1 0 1 ð1Þ
The corresponding transfer function is HðzÞ ¼ zþ z1.
By convolving this filter with itself, we get the second-order
derivative filter,
h2½n ¼ ½1 0 2 0 1 ð2Þ
However the filter h2½n cannot be used to estimate the resting
heart rate, because the recorded data from the PIR Sensor, is noisy.
Therefore, the data should be smoothed with a simple Lagrange
low pass filter with an impulse response of [121] before applying
the second-order derivative filter. Since the sampling frequency of
the PIR signal is 10 Hz, our full band is 5 Hz. The LPF is an approx-
imate half-band filter, i.e., it attenuates the high frequency compo-Fig. 1. Data collection enents above 2.5 Hz. Therefore it does not affect the RHR of a
person. It removes some small ripples in the signal. The main effect
of the LPF is to remove small ripples in the signal which may be
due to A/D conversion.
The equivalent impulse response becomes
g2½n ¼ ½1 2 1 4 1 2 1 ð3Þ
This is the filter used by [37] to compute the second-order
derivative of an RF signal to extract the heart signal.
Since the Lagrange low-pass filter [121] is also a triangular win-
dow, it is possible to scale the window size before applying the
second-order derivative filter h2½n.
We observed that convolving the data with a wider triangular
window [14641] provides better noise cancellation. Conse-
quently, the effective impulse response of our filter becomes
g02½n ¼ h2½n  ½1 4 6 4 1 ð4Þ
or
g02½n ¼ ½1 4 4 4 10 4 4 4 1 ð5Þ
Normalized version of the corresponding input/output relation-
ship is given by
y½n ¼ ð10x½n þ 4ðx½n 1 þ x½nþ 1Þ  4ðx½n 2 þ x½nþ 2Þ
 4ðx½n 3 þ x½nþ 3Þ  ðx½n 4 þ x½nþ 4ÞÞ=36 ð6Þ
In our observation, the filter given in Eq. (6) produces a better
result than the filter given by Eq. (3). In fact, the filter given in
Eq. (6) is also related with one of the filters proposed in [38]. The
computational load of the heart-rate estimation algorithm is low
because the FIR filter given in Eq. (6) has integer coefficients.
Therefore the overall system can be implemented using a low cost
digital signal processor or a micro-controller.4. Experimental results
4.1. Experimental setup
A total of 30 subjects (5 females) are recruited. The age group of
subjects lies between 20 and 55 years old. During the experiment
subjects were wearing their own outfits. The experiment was con-
ducted in a standard lab environment. The lab environment con-
tains furniture which includes tables, desks, chairs andxperimental setup.
Fig. 2. PIR sensor signal due to chest motion (top) and its low-pass filtered version
(bottom).
Fig. 3. Filtered output and the corresponding 2nd order derivative signal (bottom).
Fig. 4. Zero crossing from the sec
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1 m away from subject. The subject is instructed to breath in and
out as he/she does regularly, during which the chest movements
are captured. Prior to the experiment an institutional review board
(IRB) approval is obtained from human research protection pro-
gram (HRPP). The results are compared to the industry standard
photoplethysmogram (PPG) sensor and results shows that the esti-
mated values are matching with the photoplethysmogram (PPG)
sensor.
Fig. 1 shows the experimental setup how the data is collected.
PIR sensor is placed on the stand in front of subject for data
collection.
Fig. 2 shows the PIR sensor signal output due to chest motion of
one of the subjects who is about 1 m away from the sensor and the
output after low pass filtering. Fig. 3 shows the output of the 2nd
order derivative filter and Fig. 4 shows zero crossings in the output
signal. By counting the zero crossings of the 2nd order derivative
signal per minute we estimate the RHR. Since this person has 20
zero crossings in 10 s his RHR is 60 beats per minute.4.2. Accuracy in comparison to photoplethysmogram (PPG) sensor
A total of 60 experiments were conducted, collecting over
10,000 heart beats. During the experiment each subject is simulta-
neously monitored with a PIR sensor and a PPG device. The esti-
mated RHR values and the industry standard RHR values
obtained using the PPG sensor are shown in Fig. 5, which was
obtained from 30 subjects. From each subject two PIR records were
collected. The horizontal axis represents the experiment number
and vertical axis represents the heart rate in BPM (beats per min-
ute). Fig. 5 shows the scatter plot between heart rate values of the
PPG device and the PIR sensor, where x-axis represents heart rate
values of the PPG device and y-axis represents heart rate values
of the PIR sensor. There is a strong correlation between the two
sensors.
Fig. 6 shows the cumulative distribution function (CDF) of the
difference between estimated PIR sensor values and the industry
standard PPG sensor. The cumulative distribution function (CDF)
shows that the 95% of values have deviation less than 4 beats
per minute. Our results further show that the mean values of the
60 RHR (30 subjects, two measurements per subject) measure-ond order derivative signal.
Fig. 5. Scatter plot of the PIR sensor and the industry standard PPG sensor RHR
values.
Fig. 6. CDF of deviation in beats.
60 H. Kapu et al. / Infrared Physics & Technology 85 (2017) 56–61ments using the PPG and the PIR sensors are 75.5 BPM (beats per
minute) and 74.7 BPM (beats per minute), respectively.





ðOi  EiÞ2=Ei ð7Þ
where Oi is heart rate values from the PIR sensor, Ei is heart rate val-
ues from the PPG sensor, and k = 60. The hypothesis ‘‘estimated
heart rate values from PIR sensor are reliable” is true with a signif-
icance level of a ¼ 0:05.
5. Conclusion
This paper presents a PIR sensor based system capable of esti-
mating the Resting Heart Rate (RHR). The PIR based system is an
efficient and low cost option for heart rate monitoring. We esti-
mate the RHR from the 2nd order derivative of the analog PIR sen-
sor signal which exhibits an almost periodic behavior due to the
heart beat. Therefore, it is possible to determine the RHR from
the zero crossings of the second order derivative signal. The subject
should be at rest during the RHR measurement process so as not todisturb the second order derivative signal, which captures the
acceleration of the chest. We verified our RHR results by using a
PPG sensor. We also believe that the implications of this work
extend beyond the RHR estimation. Since we obtain a waveform
describing the activity of the heart from the PIR sensor it may be
possible to monitor heart rate variability from the zero-crossings
or peaks of the second order derivative signal.References
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